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Abstract
Background
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Use of functional MRI (fMRI) in pre-surgical planning is a non-invasive method for pre-operative functional mapping for patients with brain tumors, especially tumors located near eloquent cortex. Currently, this practice predominantly involves task-based fMRI (T-fMRI).
Resting state fMRI (RS-fMRI) offers an alternative with several methodological advantages.
Here, we compare group-level analyses of RS-fMRI vs. T-fMRI as methods for language
localization.
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Methods
We analyzed data obtained in 35 patients who had both T-fMRI and RS-fMRI scans during
the course of pre-surgical evaluation. The RS-fMRI data were analyzed using a previously
trained resting-state network classifier. The T-fMRI data were analyzed using conventional
techniques. Group-level results obtained by both methods were evaluated in terms of two
outcome measures: (1) inter-subject variability of response magnitude and (2) sensitivity/
specificity analysis of response topography, taking as ground truth previously reported
maps of the language system based on intraoperative cortical mapping as well as meta-analytic maps of language task fMRI responses.

Results
Both fMRI methods localized major components of the language system (areas of Broca
and Wernicke) although not with equal inter-subject consistency. Word-stem completion TfMRI strongly activated Broca’s area but also several task-general areas not specific to language. RS-fMRI provided a more specific representation of the language system.
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Mapping language function

Conclusion
We demonstrate several advantages of classifier-based mapping of language representation in the brain. Language T-fMRI activated task-general (i.e., not language-specific) functional systems in addition to areas of Broca and Wernicke. In contrast, classifier-based
analysis of RS-fMRI data generated maps confined to language-specific regions of the
brain.

Introduction
Localizing the representation of language in the brain has significant clinical utility in the identification of eloquent cortex prior to neurosurgical procedures [1–3]. Before the advent of
non-invasive functional neuroimaging, direct stimulation of the cortical surface was the only
means of accomplishing this objective [4–7]. More recently, non-invasive pre-operative localization has been achieved using functional magnetic resonance imaging (fMRI), most commonly using task-based protocols [8, 9]. Pre-surgical task-based fMRI (T-fMRI) mapping of
language function is commonly used in appropriate cases [10].
Resting state fMRI (RS-fMRI) [11] is an alternative method for localizing the representation
of function in the brain. RS-fMRI delineates topographies associated with specific functions,
e.g., somatomotor, executive control, language, etc. These topographies are widely known as
resting state networks (RSNs) [12, 13]. RS-fMRI offers potential advantages in comparison to
T-fMRI: Patients are not required to perform any task other than limiting head motion during
scanning. Thus, the behavioral protocol is maximally simple ("hold still and try to stay awake")
and no ancillary task-related apparatus, e.g., MR-compatible display systems, is required.
Moreover, RS-fMRI is compatible with light sedation or sleep and is feasible even in young
children [14, 15]. Notwithstanding these potential advantages, it remains uncertain whether
the functional maps obtained by T-fMRI and RS-fMRI are comparable. This is the question
addressed here.
It is widely recognized that RSNs derived by analysis of RS-fMRI data in healthy subjects
exhibit topographic similarities with task-evoked responses [16]. This similarity is especially
clear in primary sensory and motor systems [17–19]. Therefore, it is not surprising that TfMRI and RS-fMRI are comparably effective in localizing somato-motor cortex in the context
of presurgical functional mapping [20–22]. However, somato-motor function is simply (somatotopically) organized within one contiguous area of the cerebral cortex [23]. In contrast,
higher order cognitive operations do not simply map onto RSNs [24–26]. Language, in particular, encompasses multiple separable faculties, e.g., semantic decoding/encoding, motor
speech, etc., and is represented in several topologically distinct areas of the brain [27–29].
In view of these complexities, we pursued a data-driven comparison of T-fMRI vs. RS-fMRI
localization of language. We depart from prior work on this topic in two important respects.
First, prior work is largely formulated in terms of within-patient comparisons; this is appropriate when the objective is to determine which method best localizes function in an individual
prior to neurosurgery. However, in current clinical practice, the total duration of fMRI scanning typically is on the order of 6 minutes per condition (for reviews see [10, 30]) whereas considerably longer acquisitions are required to obtain reliable RS-fMRI results in individuals [31,
32]. Thus, conventionally acquired individual fMRI results, RS-fMRI as well as T-fMRI, necessarily are signal-to-noise ratio (SNR) limited [33]. Averaging over subjects enhances the SNR.
Accordingly, we conducted group-level analyses with the objective of revealing features at the

PLOS ONE | https://doi.org/10.1371/journal.pone.0236423 July 31, 2020

2 / 16

PLOS ONE

Mapping language function

population level not evident in conventional single subject results. Second, the extant literature
is dominated by spatial independent component analysis (sICA) of RS-fMRI data [34]. We
analyzed the RS-fMRI data using a previously trained multi-layer perceptron (MLP) [28].
MLP-based pre-surgical functional localization has performed well in several case series [14,
15, 20, 35, 36]. MLP analysis eliminates operator-dependent steps, e.g., selection of ICs. Additionally, the MLP is a supervised (as opposed to unsupervised) classifier, hence offers high sensitivity and specificity in comparison to alternative methods [28]. Direct comparison of MLP
vs. sICA of RS-fMRI data is of interest but will be reported separately.
Our analyses address the following questions: (1) Are the whole-brain maps obtained by
T-fMRI and RS-fMRI topographically similar on average? (2) Are the responses generated by
T-fMRI and RS-fMRI comparably consistent over individuals? (3) Do the maps obtained by
T-fMRI and RS-fMRI similarly overlap language regions of interest (ROIs) determined by a
priori methods? We address these questions using group-level analyses of data acquired in 35
patients with brain tumors.

Methods
Patient identification
Patients were retrospectively identified through the Neurosurgery brain tumor service, initially
as part of an NIH-funded tumor data base grant (CONDR NIH 5R01NS066905). Patients
were drawn from the same data base reported in a prior study targeting non-invasive localization of sensorimotor cortex [20]. All data was anonymized and was accessed from the medical
records of Barnes-Jewish Hospital in St. Louis, Missouri during August 2015 from scans done
during 2014. All MRIs were the first done after diagnosis in preparation for surgery. All
patients who had both language task (word-stem completion) fMRI and RS-fMRI prior to neurosurgery were included in the present analysis. We identified N = 35 (23 male and 12 female)
patients (age range 23–71 years; mean, 44.8 years). The mean preoperative tumor volume was
43.8mL (range: 1.4–207 mL); 28 patients had a left-hemisphere tumor; pathology was most
often oligoastrocytoma (11 cases) and glioblastoma (10 cases). Handedness was recorded in
26; 23/26 patients were right-handed. Patient demographics are summarized in Table 1. All
aspects of the study were approved by the Institutional Review Board at Washington University School of Medicine in St Louis. Clinical data were acquired during preoperative evaluation
and reviewed retrospectively.

Functional MRI acquisition
Patients were scanned with either of two 3 Tesla MR scanners (Trio or Skyra, Siemens,
Erlangen, Germany) using a standard clinical pre-surgical tumor protocol. Anatomical imaging contributing to the present analyses included T1-weighted magnetization prepared rapid
acquisition gradient echo (MP-RAGE) and T2-weighted fast spin echo. Both the task-based
and resting-state fMRI were acquired using a T2� -weighted echo planar imaging sequence
(voxel size 3×3×3mm; TE = 27ms; TR = 2.2s; field of view = 256 mm; flip angle = 90˚). During
T-fMRI, patients covertly generated words in response to visually presented first letter [37].
Task/rest blocks (10 frames each) were repeated over 5 off/on cycles for a total of 100 frames
(3:40 minutes/T-fMRI run). RS-fMRI was acquired as two 160-frame runs (total of 320
frames = 11:44 minutes). If more than one T-fMRI run was acquired, the run with the lowest
root-mean-square head motion measure was used in the present analysis. Duration of RSfMRI acquisition was determined by time constraints of clinical MRI scanning.
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Table 1. Patient clinical and demographic data.
Patient ID (N = 35)

Age (yrs)

Sex

Handedness

Tumor Location

Tumor Size (mL)

Tumor Pathology

RS_003

44

M

R

Left basal ganglia

8.7

Glioblastoma

Left temporal lobe

4.8

Left frontal lobe

56.2

Anaplastic glioma
Anaplastic mixed oligoastrocytoma

RS_004

24

M

R

RS_005

36

M

NA

Left frontal lobe

1.2

Left frontal lobe

0.2

RS_006

36

M

NA

Left inferior frontal lobe

81.1

RS_007

64

M

R

Left parieto-occipital

85.1

Anaplastic mixed oligoastrocytoma
Glioblastoma,

RS_009

65

F

R

Left peri-trigonal area

147

Glioblastoma

RS_011

24

M

R

Left frontotemporal

56.4

Mixed oligoastrocytoma

RS_012

42

M

R

Left frontal lobe

7.8

Anaplastic oligodendroglioma

RS_014

44

M

R

Left frontal/insular lobe

69.2

Oligodendroglioma

RS_015

62

F

NA

Left frontal lobe

34.7

Mixed oligoastrocytoma

RS_016

57

F

NA

Left insula

15.2

Glioblastoma

RS_017

54

M

R

Left frontal lobe

64.3

Mixed oligoastrocytoma

RS_018

39

F

R

Left frontal lobe

13.5

Oligodendroglioma

RS_019

33

F

R

Right frontoparietal

207

Anaplastic oligodendroglioma

RS_020

53

F

R

Left temporal lobe

19.9

Glioblastoma

RS_021

25

M

R

Left frontal lobe

63.3

Mixed oligoastrocytoma

RS_022

67

M

NA

Right frontal lobe

2.2

Metastatic lung carcinoma

RS_023

50

F

R

Left parietal/splenium

28.7

Oligodendroglioma

RS_024

56

M

R

Left frontal lobe

4.7

Anaplastic oligoastrocytoma

RS_027

45

M

L

Left temporal lobe

24.8

Low-grade diffuse glioma

RS_029

52

M

R

Left frontal lobe

14.5

Oligodendroglioma

RS_030

71

M

R

Right basal ganglia/thalamus

16.6

Glioblastoma

RS_031

53

F

NA

Left thalamus

5.8

Glioblastoma

RS_032

46

M

R

Right temporal lobe

5.7

Glioblastoma

RS_033

37

M

R

Left frontal lobe

185

Mixed oligoastrocytoma

RS_034

58

F

NA

Left temporal lobe

24.9

Meningioma

RS_035

28

F

R

Left temporal lobe

10.1

Oligoastrocytoma

RS_039

25

M

L

Right parietal lobe

32.0

Mixed oligoastrocytoma

RS_040

39

F

R

Right sylvian fissure

31.5

Ependymoma

RS_041

40

M

NA

Left frontal lobe

23.3

Mixed oligoastrocytoma

RS_042

60

M

R

Left parietal lobe

0.7

Glioblastoma

RS_043

33

M

R

Right temporal lobe

4.0

Low-grade glioneuronal tumor

RS_044

23

M

R

Left frontal lobe

0.4

Ganglioglioma

RS_045

28

F

L

Bilateral frontal lobes (left>right)

118

Anaplastic astrocytoma

RS_047

55

M

NA

Left frontal lobe

66.2

Glioblastoma

Clinical data for 35 patients with brain tumors (age 44.8 ± 14.0 yrs; 12 female).
https://doi.org/10.1371/journal.pone.0236423.t001

Preprocessing
We preprocessed fMRI data using previously described techniques [38] (See Supplemental
Materials). Software used included the 4dfp suite (4dfp.readthedocs.io). All fMRI data
acquired in each patient were pooled in the preprocessing step that compensated for head
motion. Thus, the T-fMRI and RS-fMRI data were mutually co-registered. The quantity of RSfMRI data was 3 times greater than the quantity of T-fMRI (11:44 vs. 3:40 minutes). Therefore,
to equate acquisition time between RS-fMRI and T-fMRI (11:44 vs. 3:40 minutes), we divided
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the pre-processed RS-fMRI data into 3 equal portions. We then analyzed each portion using a
previously trained multi-layer perceptron (MLP) [28].
MLPs are supervised classifiers that are trained to map input data to pre-defined output
classes using hidden layers. In this work, the MLP was previously trained to associate correlation maps generated from canonical ROIs with a priori class labels corresponding to seven predefined RSNs. The MLP consisted of an input, hidden, and output node layer, fully connected
in a feed-forward manner. Each training input was a correlation map generated from one of
169 canonical seed ROIs in normal control subjects. After training, the MLP was applied comprehensively to the entire brain by generating a correlation map for each voxel (treating each
voxel as a seed) and then computing RSN estimates by propagating this map through the
MLP. The MLP assigns to each voxel 7 values in the range [0, 1] expressing the likelihood of
belonging to each of 7 RSNs.
Here, the likelihood of belonging to the LAN (language) RSN was taken as the MLP measure of language representation. T-fMRI responses were evaluated using standard general linear model methods. Activation maps were generated from the task fMRI as described in [39],
smoothed with a 6mm Gaussian filter, and masked to exclude extra-cranial voxels. The MLP
language RSN and task activation maps both were resampled to 1(mm)3 voxels prior to analysis of intersection with the a priori defined regions of interest (see immediately below).

A priori defined language regions of interest
We defined language ROIs based on T-fMRI responses aggregated by Neurosynth [40] as well
as stimulation mapping results reported in the summary paper of [5]. ROIs were confined to
the left hemisphere to simplify comparison between T-fMRI-based vs. stimulation-based definitions. To define T-fMRI-based language ROIs, we queried Neurosynth using “language comprehension” as a search term (with suggested threshold Z = 3.7). Post-processing of the
Neurosynth results (details in Supplemental Materials) ensured that the volumes of the Brocalike and Wernicke-like ROIs were comparable. Stimulation mapping-based ROIs were defined
by a board certified neuro-radiologist (JSS) using the surface loci with positive language findings (speech-arrest, anomia, or alexia), as reported in [5] (see Supplemental Materials).

Image computation and visualization software
fMRI preprocessing, denoising, and computation of RS-fMRI and T-fMRI responses were
done with in-house software (https://readthedocs.org/projects/4dfp/). The 4dfp suite of programs is downloadable and documented on-line. AFNI 3dmean was used to create group-level
mean and standard deviation volumetric images. Caret (http://brainvis.wustl.edu/wiki/index.
php/Caret) used to project ROI from the PALS-B12 surface to a 3D atlas volume. Connectome
Workbench (https://www.nitrc.org/projects/workbench/) was used to project the volumetric
data onto the PALS-B12 mid-thickness surface, to perform algebraic operations on surface
representations, and to visualize results. Statistical computations were run using MATLAB
(R2017a, The MathWorks). Software versions and availability are listed in Supplemental
Materials.

Statistical analysis
Statistical analysis was performed using Matlab (v.2019b, update 5, Natick, MA) with relevant
portion available in Github (github.com/jjleewustledu/mlparklang). T-fMRI and RS-fMRI
yield voxelwise measures with very different statistical properties. T-fMRI responses are evaluated as percent BOLD modulation; the range of observed values is not constrained and may
even include negative responses. The MLP generates volumetric maps representing the
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likelihood of network affiliation in the range 0 to 1 [28]. Each map generated by the current
implementation of the MLP is constrained to assume a uniform distribution of values over the
brain. To enable meaningful comparisons between maps obtained by T-fMRI and RS-fMRI, it
was necessary to ensure that the response measures obtained by both techniques conformed to
the same distribution. To this end, the measures obtained by both T-fMRI and the MLP language map were averaged over patients and the distributions of these measures, summed over
the brain, were matched using the probability integral transformation. Following, response
distribution matching, maps obtained by T-fMRI vs. RS-fMRI were assessed voxelwise as the
signal-to-noise ratio (SNR), i.e., the group mean response divided by the standard deviation
computed over patients. The divisor in the SNR includes all sources of noise in individual
functional responses (electronic noise and physiologic artifact) [41]. However, the primary
source of variance in the group average is individual response magnitude variability. Thus, the
SNR image reflects response consistency. SNR was evaluated identically for distributionmatched T-fMRI and RS-fMRI data.
In addition to SNR maps, we assessed response topography in relation to standard language
function maps, using receiver operating characteristic (ROC) curve analysis (See Supplemental
Materials) Sensitivity/specificity curves parametric in response threshold were evaluated for
both T-fMRI and RS-fMRI with the response distributions matched as described above. We
then quantitated the match to standard topography in terms of area under the curve (AUC).
Statistical analysis of the AUC results was run using the fast implementation of DeLong’s algorithm [42, 43].

Results
Mean RS-fMRI and T-fMRI language maps
Fig 1 shows group-level language maps derived by MLP analysis of RS-fMRI data (Fig 1A) and
word-stem completion T-fMRI responses (Fig 1B). Note common intensity range spanning
the interval [0, 1], imposed by response distribution matching (see Statistical Analysis, above).
Both techniques generated high map values locally in inferior frontal (Broca-like) and temporal (Wernicke-like) regions (black arrows). The T-fMRI response was more extensive in the
frontal regions while the RS-fMRI map was more extensive in the temporal cortex extending
into the angular gyrus. A topographic concordance map, computed as the product of the TfMRI and RS-fMRI map values, showed local maxima in Broca-like and Wernicke-like regions
(Fig 1C). One point of difference is that the T-fMRI response was left-lateralized, especially in
frontal areas, whereas the RS-fMRI map was more symmetric. Apart from symmetry, the
major difference between methods was prominent T-fMRI (but not RS-fMRI) responses in
parts of the cortex not specific to language. These areas included the rostral cingulate zone
(RCZ) bilaterally and right anterior insula, which are major components of the salience system
[44] (red arrows), as well as left intra-parietal sulcus and regions in the middle frontal gyrus
bilaterally which are a constituent of the dorsal attention network [39] (magenta arrows). Cognitive functions of these task-general regions are considered in the Discussion.

Consistency of RS-fMRI vs. T-fMRI maps
To assess response consistency over individuals, we evaluated the SNR, i.e., the voxelwise
group mean response divided by standard deviation evaluated over patients. Three RS-fMRI
SNR maps were obtained by dividing the available data in each patient into 3 portions, each
approximately equated for T-fMRI acquisition time (S1 Fig). The average of these 3 SNR maps
is shown in Fig 2; the 3 independent SNR maps are shown in Supplemental Materials. These
results demonstrate greater RS-fMRI response consistency across individuals in comparison to
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Fig 1. Mean language maps. Mean resting-state functional MRI and task-based functional MRI language maps displayed on the PALS B-12 inflated
surface (top) and in volumetric representations with the MNI152 atlas as underlay (bottom). Note common intensity scale spanning the interval [0, 1]
(see Methods (Statistical Analysis) for details concerning scale equalization). Each voxel is assigned a value in the range [0, 1] to express the likelihood of
belonging to the language network. (A) Mean language map derived by MLP analysis of resting-state functional MRI data. (B) Mean task-based
functional MRI response to word generation. (C) Responses common to task-based functional MRI and resting-state functional MRI computed as the
product of the values shown in panels A and B, thresholded at 0.7. Black arrows point to parts of the brain specific to language function, which include,
besides areas of Broca and Wernicke, the right inferior cerebellum. Red arrows point to task responses in the salience network; magenta arrows point to
left intra-parietal sulcus and regions in the middle frontal gyrus bilaterally which are components of the dorsal attention network. The salience and
dorsal attention networks are not specific to language.
https://doi.org/10.1371/journal.pone.0236423.g001

T-fMRI. In particular, the RS-fMRI data yielded highly focal SNR maxima bilaterally in a
Broca-like and Wernicke-like distribution. By comparison, T-fMRI SNR map lacked these foci
and was generally more diffuse (black ovals in Fig 2).

Match to a priori defined regions of interest
We assessed the topography of T-fMRI and RS-fMRI maps in relation to language ROIs
defined on the basis of either aggregated fMRI responses to language tasks ([40]; Fig 3A) or
stimulation mapping ([5]: Fig 3B). These procedures generated somewhat different representations of the areas of Broca and Wernicke (top parts of Fig 3). Nevertheless, the volumes of territory instantiating “expressive” and “receptive” functionality were approximately balanced in
both cases. To construct ROC curves, "true" responses were evaluated as above-threshold
response magnitude summed over the a priori defined ROIs (Wernicke-like or Broca-like);
"false" responses were summed over regions not in either of these ROIs in the left hemisphere
(see Supplemental Methods). S2 Fig reports AUC values submitted to the fast implementation
of DeLong’s algorithm [43]) for evaluation of statistical significance. In most comparisons, RSfMRI AUC exceeded T-fMRI AUC, especially in the Wernicke-like ROI. T-fMRI AUC
exceeded RS-fMRI AUC only in the Broca ROI defined by stimulation mapping (AUC = 0.92
vs. 0.79 (p < 10−6)). In all other comparisons, RS-fMRI performance exceeded T-fMRI performance (RS-fMRI vs. T-fMRI performance: AUC = 0.91 vs. 0.89 (p < 10−6; Broca, Neurosynth);
0.92 vs. 0.63 (p < 10−6; Wernicke, Neurosynth); 0.81 vs. 0.47 (p < 10−6; Wernicke, stimulation
mapping).
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Fig 2. SNR maps. Task-based functional MRI and resting-state functional MRI SNR maps computed as signal-to-sampling variability ratio over
individuals. High voxel values indicate consistency over subjects. (A) MLP-derived RS-MRI language RSN SNR. (B) Word-stem completion T-fMRI
SNR. The black ovals indicate the same anatomic locus (Wernicke’s area) in both the MLP and T-fMRI SNR maps demonstrating markedly lower TfMRI response consistency across individuals. The represented quantity is the voxel-wise Z-score, i.e., response mean divided by response standard
deviation.
https://doi.org/10.1371/journal.pone.0236423.g002
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Fig 3. ROC curves. Broca-like (red), Wernicke-like (orange), and non-language (white) regions. Language localization receiver operating characteristic
(ROC) curves (blue) for resting-state functional MRI and T-fMRI. Responses were evaluated in areas of Broca (red) and Wernicke (orange) defined
either by aggregated task-based functional MRI responses (panel A) or stimulation mapping experience (panel B). Formulae defining sensitivity and
specificity are given in Supplemental Materials. Area under the receiver operating characteristic curve is reported for each ROC in the lower right
corner (red). Higher AUC indexes better ROC performance.
https://doi.org/10.1371/journal.pone.0236423.g003

Discussion
Prior work by our group [45] and others [30, 34, 46, 47] suggests that localizing the areas of
Broca and Wernicke can be accomplished using either T-fMRI or RS-fMRI [34, 47–50]. The
present results are consistent with this view (Fig 1, black arrows).
However, here we focus on the differences in maps obtained by T-fMRI vs. RS-fMRI. One
difference is the greater symmetry of the localization when using RS-fMRI. Homotopic connectivity is a consistent feature of resting state networks, and is seen in both inherently symmetric networks (such as motor and vision), and also in asymmetric networks such as
language. Another difference, word-stem completion T-fMRI but not RS-fMRI activated the
rostral cingulate zone (RCZ) bilaterally, a region also known as the dorsal anterior cingulate
(dACC), as well as the right frontal operculum (Fig 1, red arrows). These regions are components of the salience resting state network [44], alternatively known as the core executive

PLOS ONE | https://doi.org/10.1371/journal.pone.0236423 July 31, 2020

9 / 16

PLOS ONE

Mapping language function

control network [51, 52]. This functional system is recruited by a wide variety of goal-directed
behaviors (e.g., see [53], fig 3; [52], fig 6; [54], fig 1). Functions attributed to the dACC include
task control [55, 56], error monitoring [57] and conflict detection [58]. Also activated by TfMRI but not RS-fMRI are regions in left superior parietal lobule and the left middle frontal
gyrus bilaterally that are components of the dorsal attention network (DAN) (magenta arrows
in Fig 1). The DAN responds to any task requiring directed spatial attention [39], for example,
watching a screen on which task-relevant stimuli are presented. In contrast, MLP-analysis of
RS-fMRI isolated regions of the brain specifically associated with language. This specificity is a
design feature of the MLP, which was trained to assign to the language (LAN) RSN only parts
of the brain specifically activated by language and not other, e.g., motor, attention, etc., functions [28].
The topographic differences between the maps obtained by T-fMRI vs. MLP analysis of RSfMRI raise questions concerning what parts of the brain should be considered "eloquent," i.e.,
in which injury leads to functional deficits [59]. Conventionally, functions relevant to eloquence have been taken to be motor and language [60]. However, lesions of the DAN induce
attentional deficits [61] and lesions of RCZ lead to a loss of motivated behaviors [62]. We suggest that a mapping procedure that distinguishes between language specific vs. attentional vs.
motivational parts of the brain has value. In the current implementation of the MLP, the RCZ
is assigned to the ventral attention network (VAN).
The SNR results shown in Fig 2 reveal greater inter-individual consistency of MLP analysis
of RS-fMRI data in comparison to T-fMRI in the identification of language-associated cortex.
This difference is especially striking in the Wernicke-like region, which is weakly activated by
an expressive language task such as word-stem completion. An additional factor potentially
contributing to T-fMRI response variability includes uneven performance, although all
patients appeared to comply with the task. The RS-fMRI vs. T-fMRI results shown in Fig 2 are
consistent with our prior study, conventionally formulated in terms of individuals, in which
we found lower failure rate of RS-fMRI in comparison to T-fMRI (13% vs. 38.5%, respectively;
p < 0.001) [45]. Inter-individual variability in the representation of language is unlikely to
explain RS-fMRI vs. T-fMRI SNR differences, as that factor should affect both methods
equally.
Fig 3 and S2 Fig compare T-fMRI vs. RS-fMRI as regards localization of the areas of Broca
and Wernicke as defined a priori, either according to the T-fMRI literature or by stimulation
mapping experience. T-fMRI AUC exceeded RS-fMRI AUC in Broca’s area as defined by stimulation mapping (Fig 3B). This result is understandable as word stem completion is an expressive language task. By the same token, it understandable that RS-fMRI AUC consistently
exceeded T-fMRI AUC in Wernicke’s area. Regarding Neurosynth vs. stimulation mapping, in
3 of 4 cases, the T-fMRI literature-based (Neurosynth) ROIs yielded higher AUC values in
comparison to the stimulation mapping-based ROIs, both for RS-fMRI and T-fMRI data (panels A vs. B in Fig 3). This result is not surprising as the MLP was trained to recover the topography of T-fMRI responses in RS-fMRI data [28]. Additionally, this outcome may reflect a
relative disadvantage of stimulation mapping as speech arrest commonly is taken as the outcome measure, which arguably is a limited indicator of impaired language function [63].
Moreover, it is well established that language is represented in the frontal operculum [64], a
region of the cerebral cortex not on the brain surface, and therefore, not directly accessible to
stimulation mapping.
Limitations of our study include first, that it is formulated in terms of group-level analyses;
hence, our results do not directly speak to the question of which technique, T-fMRI or RSfMRI, provides the best functional localization of language in individuals. Second, our T-fMRI
data were acquired using only one task whereas multiple tasks are needed to generate a more
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complete mapping of language function [27]. Thus, it is likely that the relatively low consistency of T-fMRI in localizing the area of Wernicke (Fig 2) could have been overcome with
additional tasks emphasizing semantic operations. However, since all tasks activate task-general parts of the brain, this limitation does not compromise the point that MLP analysis of RSfMRI localizes the representation of language more specifically than T-fMRI. Future studies
with more sophisticated task designs could potentially overcome this limitation.
On the other hand, T-fMRI may the more powerful technique for determination of language lateralization: T-fMRI responses are more asymmetric, especially in Broca-like regions.
However, left-lateralization of RS-fMRI LAN maps is evident in Wernicke-like regions and the
right cerebellum [65]. Distorted brain anatomy in tumor patients compromises affine atlas
registration; however, this issue will have affected T-fMRI and RS-fMRI equally. Minor heterogeneity of tumor histology was present (2 of 35 not glioma; Table 1); this is not expected to
impact our main findings [66, 67]. Finally, we note that a definitive comparison of RS-fMRI
vs. T-fMRI in terms of patient outcomes would require a prospective, multi-center, clinical
trial [10]. Such a study has not yet been conducted.

Conclusions
Our results contribute to a growing literature demonstrating that pre-surgical language mapping can be with RS-fMRI is comparable to and, in some respects, superior to T-fMRI. Indeed,
our results suggest that MLP analysis of RS-fMRI data may exhibit less inter-subject variability.
Whereas multiple, serially administered task paradigms are needed to activate various aspects
of language functionality [27], MLP-based analysis of RS-fMRI data accomplishes the same
objective simultaneously [28]. Moreover, T-fMRI activates parts of the brain that are not specific to language. Finally, we note that RS-fMRI and T-fMRI are not mutually exclusive, since
it is possible to combine both types of acquisition at the analysis stage [68].

Supporting information
S1 Fig. Three resting-state functional MRI SNR maps (equated for acquisition time
between resting-state vs. task-based functional MRI data) computed as signal-to-sampling
variability ratio over individuals.
(TIF)
S2 Fig. Four panels show graphic user interface of DeLongUserInterface (https://github.
com/PamixSun/DeLongUI). Blue (AUC1, receiver operating characteristic curve of restingstate fMRI derived language map), Red (AUC2, receiver operating characteristic curve of taskbased fMRI derived language map).
(TIF)
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